Epidemiological studies of the health effects of outdoor air pollution have traditionally relied upon surrogates of personal exposures, most commonly ambient concentration measurements from central-site monitors. However, this approach may introduce exposure prediction errors and misclassification of exposures for pollutants that are spatially heterogeneous, such as those associated with traffic emissions (e.g., carbon monoxide, elemental carbon, nitrogen oxides, and particulate matter). We review alternative air quality and human exposure metrics applied in recent air pollution health effect studies discussed during the International Society of Exposure Science 2011 conference in Baltimore, MD. Symposium presenters considered various alternative exposure metrics, including: central site or interpolated monitoring data, regional pollution levels predicted using the national scale Community Multiscale Air Quality model or from measurements combined with local-scale (AERMOD) air quality models, hybrid models that include satellite data, statistically blended modeling and measurement data, concentrations adjusted by home infiltration rates, and population-based human exposure model (Stochastic Human Exposure and Dose Simulation, and Air Pollutants Exposure models) predictions. These alternative exposure metrics were applied in epidemiological applications to health outcomes, including daily mortality and respiratory hospital admissions, daily hospital emergency department visits, daily myocardial infarctions, and daily adverse birth outcomes. This paper summarizes the research projects presented during the symposium, with full details of the work presented in individual papers in this journal issue.
INTRODUCTION
Exposure estimates (or indicators of exposure) are used in epidemiological studies to estimate the health risks associated with the impacts of air pollution on human health. The following collection of articles was motivated by a symposium focused on issues of air pollution exposure and health (''Estimating Air Pollution Exposures for Health Studies: Comparison and Evaluation of Prediction Approaches''), held at the October 2011 the International Society of Exposure Science (ISES) annual conference in Baltimore, MD. This article will present the rationale and background for the symposium and this collection of articles, including the role of exposure surrogates in different air pollution exposure assessment approaches, and the advantages and limitations of various surrogates.
Measurements from central-site monitors (such as those included in the US Environmental Protection Agency's (EPA's) Air Quality System) are often used as the metric of exposure in epidemiological studies of the health effects of air pollution. [1] [2] [3] [4] [5] However, human exposures are complex, and air pollutant concentrations from these central-site monitors are often lacking spatial and temporal resolution, which may mask exposure variability in the study population. 2, [6] [7] [8] [9] [10] [11] In addition, these fixedsite monitors are often sited for regulatory and attainment purposes, so they are not optimal for obtaining representative exposures for individuals or groups with health concerns. Centralsite measurements can be problematic for certain pollutants, such as carbon monoxide (CO), nitrogen oxides (NO x ), and elemental carbon (EC), which exhibit significant spatial heterogeneity, especially in large urban areas. 2, [6] [7] [8] [9] [10] [11] The latest research in epidemiology emphasizes the need for more reliable estimates or surrogates of human exposures. 12 Increasing the level of refinement in exposure characterization may provide useful information when these exposure estimates are used in place of central-site monitor measurements. For instance, exposure indicators could be enhanced with a variety of modeling techniques that have the ability to increase the spatial resolution of exposure estimates within an area typically covered by one central-site monitor, or by increasing temporal resolution to fill in for periods of time when central-site measurements are not available.
Exposures often vary in space and time due to an individual's activities and the combination of sources having an impact on air pollutant levels in the different locations where these activities occur. Thus, for example, an individual's exposure will vary depending on the location of their home, work or school, as well as their commuting patterns. Sources may include both regionally transported air pollution and local pollution from industry and traffic. In addition, people spend the majority of their time indoors, [13] [14] [15] and may spend time away from their home or in other near-source environments (e.g., in vehicles), where the composition and toxicity of pollutants can vary. Ambient pollutant infiltration to the indoor environment and indoor sources of air pollution are also among the important exposure factors to consider, but are often neglected. [16] [17] [18] In particular, indoor sources can substantially influence exposures when pollutants have both indoor and outdoor sources, which will complicate the estimation of true exposure and possibly the proper attribution of estimated health effects to pollutants of ambient origin. [19] [20] [21] Furthermore, this also complicates estimates or apportionment of air pollution health effects by different source categories.
Air quality models that combine emission inventory information with meteorology and atmospheric fate and transport mechanisms (with or without atmospheric chemistry) are one option for increasing the spatial and temporal resolution of exposure estimates while incorporating both regionally transported and local sources of pollution. [22] [23] [24] [25] [26] [27] Exposure models that incorporate exposure factors, such as time-location-activity budgets and penetration of ambient pollutants to the indoor environment, 26, [28] [29] [30] [31] [32] are another approach that may provide added exposure variability useful in epidemiological studies.
Consideration of alternative exposure metrics to central-site monitors may be more feasible than instituting a more comprehensive air quality monitoring network, and may allow for estimates of exposure in areas where establishing sophisticated monitoring networks are not practical or economically feasible. A number of enhanced exposure assessment approaches have recently been developed and applied in the investigation of air pollution health effects; many of those will be summarized here and discussed further in the papers contained in this journal issue.
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METHODS
Exposure Information Relevant to Air Pollution Health Studies
Attempts to improve upon the use of central-site monitoring data in air pollution epidemiology studies have included a variety of alternative approaches for exposure assessment. The various approaches or metrics used to estimate exposures can be categorized into exposure ''tiers'', with each tier representing an increase in the complexity of the methods used or input data required. Ambient monitoring data are typically used directly as a surrogate of exposure in epidemiological studies, averaged over space and/or time, or as input to source apportionment models to estimate source impacts. In Figure 1 , the standard approach of using ambient monitoring data is contrasted to several alternative modeling approaches, including GIS-based models, air quality models, statistical models that combine different types of data, and exposure models. Although this article does not provide a comprehensive overview of each possible alternative modeling approach, a few of the more commonly used exposure approaches in air pollution epidemiology are discussed (e.g., land use regression (LUR) modeling), in addition to the approaches used in the accompanying articles in this special issue, in order to provide the greater context of the field to which these articles are contributing.
In general, the more complex exposure tiers in Figure 1 provide greater spatial and/or temporal resolution in ambient concentrations (e.g., air quality modeling) or account for factors that have an impact on actual exposure levels, such as time spent outdoors, indoors and in vehicles (e.g., exposure modeling). GIS-based modeling approaches (e.g., LUR) combine monitoring data with available information on spatially varying characteristics, such as proximity to known emissions sources, to predict spatial patterns in ambient concentrations. Air quality models vary in spatial and temporal scale, as well as in purpose, but generally incorporate data on source emissions and meteorology, and provide higher spatial and/or temporal resolution in ambient concentrations than can be obtained from available monitoring data. Statistical modeling approaches such as Bayesian or other methods of synthesizing data from multiple streams produce more refined estimates of the spatial and/or temporal variability of air pollutant concentrations by combining, for example, monitoring data with air quality model output or with satellite data. Exposure models estimate personal exposure levels based on ambient concentrations by incorporating time-activity data on the locations or microenvironments people spend time in and accounting for the infiltration of ambient air pollutants indoors. As illustrated by Figure 1 , the increased complexity of the higher exposure tiers requires additional types of input data. Depending upon the data Air pollution exposure metrics for epidemiology Ö zkaynak et al quality, spatial or temporal resolution, and relevance of the available input data, some uncertainty may be introduced into the exposure predictions from these alternative approaches. In addition, the modeling approaches themselves have limitations that may add uncertainty to the estimates of exposure as well.
Each of the alternative approaches included in Figure 1 has been used to estimate exposures in air pollution epidemiology studies. However, the number of studies that have applied the more complex modeling approaches is quite limited. Often, only a single approach has been used in past studies, thus it is not well understood how reliable a particular modeling approach is for application to other study populations, health outcomes, or air pollutants.
One of the most common exposure modeling approaches used in epidemiology studies of mostly NO 2 and PM 2.5 is LUR modeling. LUR takes advantage of GIS-based information on land use and source proximity or characteristics (e.g., traffic data) in a given modeling domain to create a pollution surface using least-squares regression together with measured pollutant concentrations. LUR modeling has most often been used for understanding whether spatial variations in health outcomes are associated with differences in air pollutant exposure levels. [43] [44] Although LUR modeling may be extended to other local areas without requiring additional measurement data, extrapolation is limited when areas have different land use characteristics or topography. 45 In addition, the predicted accuracy of LUR models may vary considerably depending on the approach used to validate these models. [46] [47] [48] Air quality modeling has been used to estimate ambient concentrations as a surrogate of exposure for epidemiology studies as previously reviewed by Zou et al. 32 Air quality models predict concentrations of many types of pollutants at receptors on a designated spatial and temporal scale using input data on source emissions and meteorology, and numerical formulations (e.g., Eulerian or Lagrangian modeling) governing various physical processes (i.e., transport, dispersion, and deposition). Different air quality models exist that vary in the typical spatial scale of the modeling domain (regional to urban to local scale), and in the level of detail incorporated into the process equations. Air pollution epidemiology studies have begun to take advantage of the predicted spatial and/or temporal variation in ambient concentrations provided by air quality models, 49 particularly for urban areas. 45, [50] [51] [52] When monitoring data are available for evaluation of the model output, some of the important limitations of air quality models, such as model biases and inaccuracies of emissions data, can be adjusted for. 53 In addition, combining regionalscale chemical transport model output with local-scale dispersion modeling may provide a methodology to take advantage of the strengths of both types of models. 23, 25 Although air quality models have the ability to increase the spatial and temporal resolution of exposure estimates, the models may be cost and data intensive. 45, 32 Statistical approaches have been used to combine multiple methods for exposure estimation in order to overcome the limitations of a particular method or available data when used alone. For example, air quality models have been used to predict concentrations for days or times when monitoring data were not available. 54, 55 Statistical approaches have also been developed to predict regional background concentrations to complement contributions from local sources estimated by air dispersion modeling. 24 Applications incorporating Bayesian and other statistical methods that combine measurements with models or satellite observations for extrapolation and enhancing spatial and/or temporal resolution have also been increasing. [56] [57] [58] [59] [60] [61] [62] [63] More recently, remote sensing (RS) or satellite estimates are being combined with air quality model output or geographic predictor variables for use in health studies. [64] [65] [66] [67] RS techniques are particularly useful in areas where monitoring sites are scarce, have low spatial or temporal resolution, or due to logistics are unrealistic (e.g., remote areas and developing countries). These techniques use the optical properties of aerosols together with satellite images to produce indirect estimates of ground-level pollutant concentrations. Studies have shown high correlations between estimates from RS and ground-level measurements for PM 10 , PM 2.5 , and NO 2 . 32 Human exposure models that combine ambient concentrations with microenvironmental and behavioral factors have the potential to improve exposure estimates for use in epidemiological studies. In contrast to all of the above modeling approaches which principally estimate outdoor pollutant concentrations, exposure models account for multiple factors that affect the personal exposure of individuals from both indoor and outdoor sources. Specifically, these models estimate exposures for particular individuals or groups of individuals by incorporating information on human activity and behaviors as individuals move through space and time, in addition to demographic characteristics and characteristics of the home environment (e.g., air exchange rate). Though exposure models require a large quantity of input data because of the various characteristics taken into account, they may result in more accurate exposure estimates for individuals, or exposure distributions for the population, as compared to ambient monitoring data or other modeling approaches which predict ambient concentrations. 45, 32 The US EPA's Stochastic Human Exposure and Dose Simulation (SHEDS) and Air Pollutants Exposure (APEX) models are examples of population-based exposure models that predict distributions of exposures based on the ambient concentrations provided as inputs. [28] [29] [30] 68 Although exposure models such as SHEDS have the capability to produce spatially and temporally resolved exposure estimates, they are dependent upon the spatial and temporal resolution of the input data. The use of human exposure simulators in air pollution epidemiology studies is increasing. [69] [70] [71] 39 Ideally, each of the modeling approaches described above can more accurately represent actual exposures in some way compared with the use of central-site monitoring data, or provide other benefits that are useful for air pollution epidemiology. 53 However, few studies to date have conducted comparisons of multiple approaches for estimating exposures and their impact on epidemiology results. 64 Factors Influencing the Utility of Air Quality or Exposure-related Variables in Air Pollution Epidemiology Study Applications The larger question becomes in what situations would exposure estimates generated from more complex methods be an improvement over those generated from central-site monitoring data? One factor in this decision is the epidemiological study design. The importance of exposure misclassification varies with study design and is dependent on the spatial and temporal aspects of the design. Two broad types of observational study designs have been used in research on air pollution: ecological or aggregate-level studies, such as a time-series design, and individual-level studies, such as a cohort design. 72 In ecological studies, only population-level indicators of exposure are needed, whereas in individual-level studies, exposure estimates for individual participants are required.
In a time-series analysis, the focus is on capturing the population-level day-to-day changes in pollutant levels. This temporal pattern may be adequately characterized by the central-site monitor as long as the pollutant concentrations at different locations are well correlated in time. However, the use of central-site monitors to estimate exposure may introduce exposure misclassification on the temporal scale when pollutant measurements such as for PM 2.5 constituents are collected on a 1-in 3-or 1-in 6-day schedule. These measurements may not fully capture temporal patterns of pollution that occur due to natural Air pollution exposure metrics for epidemiology Ö zkaynak et al variation in weather conditions, regular changes in pollution patterns (e.g., decreased traffic pollution on weekends), or unpredictable changes in pollutant levels (e.g., wildfires). The absence of daily monitoring data is especially problematic in analysis of time-series studies, when it may be desirable to introduce daily lags in the exposure variable. Increased temporal resolution in the exposure estimates could be accomplished by the use of modeling approaches, such as air quality models, satellite data, and/or the combination of modeled and measured data, as described above. In contrast to a time-series study, a cohort study is concerned with both the temporal and spatial variability of a pollutant, as well as with estimating exposure at the individual level. In a cohort study design, designated groups of individuals are followed over a period of time. 73 For most cohort air pollution studies, subjects are exposed to gradients of pollution. Each individual is characterized by a different level of exposure that accounts for the point in time (i.e., temporal variability) and the location (i.e., spatial variability) of the individual. Centralsite monitors are often spatially sparse, and when these measurements are used as estimates of exposure, there is an inherent assumption that pollutant concentrations are homogeneous over the geographic area covered by the study population. Although it is true that certain pollutants may be fairly spatially homogeneous, namely those coming mostly from regional sources (e.g., PM 2.5 and O 3 ), this is not true of all pollutants, in particular those from localized or heterogeneous emissions sources, such as traffic (e.g., CO, EC, and NO x ). 74 Air quality models can incorporate both regional and local sources to generate a more accurate representation of a pollutant's spatial pattern. In addition, the use of central-site monitor estimates disregards ambient pollutant infiltration to the indoor environment, indoor sources of air pollution, [16] [17] and the time individuals spend away from their home or in other nearsource environments (e.g., in vehicles). These factors could be accounted for by using more complex exposure estimation methods.
The usefulness of higher-tier air quality and exposure-related variables is also dependent on the form of the health outcome (i.e., acute vs chronic). This will determine the duration of exposure estimation needed (i.e., short-term vs long-term exposures), as well as the study design. For example, chronic outcomes are typically measured using cohort studies, whereas acute outcomes can be measured using a time-series or cohort study (e.g., panel studies and case cross-over) design. The relationship between personal exposures and central-site monitors for short-term and long-term exposures is pollutant dependent. For example, strong longitudinal correlations between ambient PM 2.5 and personal exposure to ambient PM 2.5 have been demonstrated in several previous exposure assessment panel studies. 75, 76, 16 However, some studies have found weak cross-sectional associations between individual short-term exposures and central-site monitors for PM 2.5 . [77] [78] [79] In addition to the epidemiological study design and health outcome, multipollutant effects and source-specific contributions need to be considered. Relationships among pollutants may not be adequately captured by the central-site monitor if they vary spatially due to local source impacts. As mentioned earlier, statistical methods such as source apportionment techniques could be utilized to better quantify the source impacts of a particular area. Generally, pollutants are grouped into common factors that can be identified with specific sources (e.g., coal combustion and traffic). Daily factor scores can then be calculated to act as inputs for an epidemiological analysis. In addition, exposure estimation approaches, such as air quality and exposure models, that can simulate multiple pollutants simultaneously may be able to more accurately characterize multipollutant exposure relationships for epidemiology studies.
RESULTS
Recent Research on the Development and Application of Enhanced Exposure Metrics to Air Pollution Epidemiology Studies
As discussed, many epidemiological studies of air pollution have traditionally relied upon surrogates of personal pollutant exposures, such as ambient concentration measurements from fixedsite monitors. However, a number of refined exposure assessment approaches have recently been developed and applied in the investigation of air pollution health effects. The previously mentioned ISES 2011 symposium on ''Estimating Air Pollution Exposures for Health Studies: Comparison and Evaluation of Prediction Approaches'' had the goals of: (1) evaluating different exposure estimation approaches and (2) comparing the impacts of using different exposure estimation approaches on epidemiological study findings. This journal issue contains the full descriptions of the study findings that were orally summarized during the symposium. In addition, the lead authors of the individual papers have collaborated in developing the summary of key findings and lessons learned, 40 motivated by the issues raised during the panel discussion that took place during the symposium.
As summarized in Table 1 , the organization of the symposium and the articles in this issue contain three categories of investigations: (1) results from a recent EPA National Exposure Research Laboratory (NERL) Cooperative Agreement Program (Coop) jointly conducted between EPA and several academic institutions (results from a third cooperative agreement with the University of Washington have been reported previously, by Lindstrom et al., 59 Sheppard et al., 80 and Szpiro et al. 81 ), including Emory University-Georgia Institute of Technology and Rutgers University-University of Rochester; (2) the effect of exposure to air pollution on hospital admissions in New York City, conducted by the New York State Department of Health (NYSDOH) and North Carolina State University (NCSU) researchers; and (3) alternative exposure prediction approaches, including a study utilizing satellite RS in the Cleveland metropolitan area, performed by researchers affiliated with the University of Miami and the University of Iowa, and a study by researchers from Kings' College London on the use of dispersion models for human exposure predictions in London.
The overall aim of the EPA Coop was to further enhance the results from epidemiological studies of ambient PM 2.5 , PM 2.5 components, and gaseous air pollution, through the use of alternative approaches for characterizing exposures. The New Jersey study examined the association between PM 2.5 mass and myocardial infarction (case cross-over study) using four alternative exposure metrics. These metrics included: ambient monitoring data, exposure model estimates from SHEDS-PM using regional defaults for air exchange rate, exposure estimates calculated using the Lawrence Berkeley National Laboratory (LBNL) Infiltration model with spatially varying air exchange rates from the LBNL Aerosol Penetration and Persistence model, and a hybrid approach combining the latter two exposure metrics. Initially, the various exposure metrics were compared in terms of their ability to characterize the spatial and temporal variations of multiple ambient air pollutants across the different study areas. These metrics were then used to examine associations between ambient air pollution and adverse health effects. Next, pollutantspecific relative risks obtained from epidemiological analyses of the alternative exposure metrics were compared or evaluated against those obtained from using a conventional exposure surrogate (i.e., central-site measurement data alone) (Table 1) . 33, 36 A variety of alternative exposure estimation approaches were used in the Atlanta study, including: interpolated central-site monitoring data, modeled ambient pollution levels based on regional and local-scale (AERMOD) air quality models, and exposure modeling with local, spatially varying air exchange rates. In the Atlanta study, the effects of PM 2.5 , PM components, Air pollution exposure metrics for epidemiology Ö zkaynak et al and gaseous pollutants on emergency department visits for respiratory disease, asthma/wheeze, and cardiovascular disease were examined (Table 1) . 35, 41, 42 The two articles in this issue focused on New York City were produced independently by researchers from the NCSU, and the NYSDOH, with modeling input and collaboration from EPA/NERL scientists. Jones et al. 37 analyzed hospital admissions for respiratory morbidity resulting from exposure to PM 2.5 and O 3 , using ambient monitoring data and exposure estimates from SHEDS modeling, whereas Mannshardt et al. 39 used hierarchical Bayesian methodologies to analyze the effect of exposure to PM 2.5 on hospital admissions for respiratory disease and cardiovascular disease, with ambient monitoring, and modeled exposure estimates from the SHEDS model and the US EPA's Community Multiscale Air Quality (CMAQ) model (Table 1) . 37, 39 The University of Miami and the University of Iowa researchers describe the development of a hybrid methodology for estimating ambient air pollution concentrations of PM 2.5 by integrating spatially resolved satellite RS data with ambient monitoring data. In their article, the daily estimates of ambient PM 2.5 at a given location are applied to hospital admissions for chronic obstructive pulmonary disease in Cleveland, Ohio, which allows for evaluating potential enhancements gained by using a more spatial and temporally resolved ambient PM 2.5 estimate. 38 Finally, researchers from Kings' College London use the data produced by the CMAQurban model combined with data from the KCLurban model in assessing human exposures in London, UK to PM 2.5 , PM 10 , NO 2 , and NO x . The implications of using alternative exposure indicators of ambient air pollution in the analysis of traffic pollution and associated health effects in London are also explored (Table 1) . 34 
SUMMARY AND CONCLUSIONS
Numerous air pollution epidemiology studies conducted to date have used measurements from central-site ambient monitors to estimate population exposures to air pollution. However, depending on the epidemiological study design, this approach may introduce exposure prediction errors and misclassification of exposure for pollutants that are spatially heterogeneous, such as those associated with traffic emissions (e.g., CO, EC, and NO x ). Moreover, central-site monitors do not account for a multitude of factors that influence personal exposures and associated health effects of ambient pollutants such as elevated concentrations and exposures near localized emissions sources, variations in infiltration of outdoor pollutants to indoor environments, demographic specific human activity and mobility patterns, and indoor pollution exposures. Exposure misclassification resulting from the use of simple surrogates of personal exposure, such as centralsite measurements, can in turn influence the strength and significance of the inferences derived from epidemiological investigations. 74, 41, 81 In the SOPHIA study, both APEX and SHEDS used local, spatially varying air exchange rates as input.
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The papers in this issue describe the methodologies used in the development and evaluation of these alternative exposure metrics (or exposure ''tiers'') in the context of epidemiological studies. It is important to note that the influence of refined exposure estimates on the predicted magnitude and/or statistical significance of air pollution health outcomes will depend on study-specific characteristics, including epidemiological study design (e.g., time-series vs cohort), form of health outcome (e.g., long-term vs short-term or acute vs chronic exposure effects), pollutant of interest and their specific spatial and temporal patterns, and the role of pollutant and building specific indoor infiltration and human activity patterns. In particular, for spatially heterogeneous urban pollutants (e.g., CO, NO x , and EC), using refined exposure estimates with a finer degree of spatial and/or temporal resolution is expected to yield more reliable results than those based on using only routinely available central-site measurements. It is likely that for regional or spatially homogenous pollutants, such as PM 2.5 or O 3 , it may be more important to better understand the different sources and factors influencing residential indoor concentrations and human exposures when choosing the most appropriate approach to improve exposure predictions. Finally, the use of more complex exposure estimates (e.g., from air quality or exposure modeling) may compound exposure error and introduce greater uncertainty into resultant health effects. 82 The recent research results presented in this special issue likely will improve exposure assessments in future air pollution epidemiology studies and help identify studies where results may be improved by using refined exposure metrics. These new approaches will help to reduce uncertainty in health risk assessments of ambient air pollution as well as in differentiating these effects from other sources of air pollution that lead to personal exposures. Ultimately, these enhancements to exposure prediction will benefit the effectiveness of future federal and state/local air quality management strategies.
